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Abstract

Clustes of softwae artifactsthatare frequentlychanged
togetherare subsysternandidatesbecaus@neof themain
goalsof softwae designis to male changeslocal. Thecon-
tribution of this paperis a visualization-basethethodthat
supportstheidenti cation of sud clustes. First,wede ne
theco-thange graphasa simplebut powerfulmodelof com-
monchangesof softwake artifacts,and describehowto ex-
tract the graph from version contmol repositories.Second,
weintroducean enegy modelfor computingforce-directed
layoutsof co-change graphs.Theresultinglayoutshavea
well-de nedinterpretationin termsof the structue of the
visualizedgraph, and clearly reveal groups of frequently
co-changed artifacts. We evaluate our methodby compar
ing thelayoutsfor threeexampleprojectswith authoritative
subsysterdecompositions.

Classi cation: D.2.7 Distribution, Maintenance,and
Enhancement- Restructuring,reverse engineering,and
reengineeringD.2.7 Distribution, Maintenance,and En-
hancement- Version control, G.2.2 Graph Theory 1.5.3
Clustering

Keywords: reverse engineering,program comprehen-
sion, software clustering,software visualization,software
evolution analysisforce-directedyraphlayout

1. Intr oduction

Groupingartifactsthat are often changedogetherinto
subsystembassigni cant bene ts. Changinga memberof
sucha groupis likely to trigger changesin other mem-
bers,andunderstandingnememberof thegroupoftenim-
provesthe understandingf othermembersWhensucha
groupformsasubsystemchangesandcomprehensiopro-
cessesaremorelikely to involve only oneor few subsys-
tems,andarethuslessexpensve anderrorprone.Theben-
e ts areevenlargerwhenprogramsourcesaregroupednot
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only with otherprogramsourcesbut alsowith documenta-
tion, testcase®r con gurationdata.

Theimportanceof decompositionn the comprehension
andmodi cation of large software systemshasleadto the
developmentof mary approachedor the automaticand
semi-automaticlusteringof software artifacts. Theseap-
proachesanbe classi ed with respecto two criteria: The
underlyingmodelof the softwaresystemandthe notion of
clustes.

We introducea newv modelof software systemswhich
is called co-change graph It is an abstractionof version
control repositories.The verticesof the co-changegraph
aresoftwareartifacts(suchas les or methodslandchange
transactionge.g.,commitsin termsof CVS, andthe edges
connectthe changetransactionsvith their participatingar
tifacts.

Previously, clusteringsof software artifacts have been
derivedfrom le nameq4, 34], directoriesin the le sys-
tem[2,/63], tokensoccurringin sourcecodeanddocumen-
tation les [34,/47,/48], le ownership[2,/14], andin partic-
ular from syntacticrelationshipdik e callsor variablerefer
enced2,16,18, 20,134, 39,/46, 52,156, 61, 66]. Thechange
historyof thesoftwaresystemasmodeledby theco-change
graph,promisesto be a valuablecomplemento thesein-
formation sourcesfor three reasonsFirst, pastcommon
changesof software artifacts appearto be relevant to as-
sesghe probability of future commonchangesbut arenot
takeninto accounty the previousapproachesSecondthe
co-changegraphis notrestrictedo ary particularkind of ar
tifacts,while syntax-basednodelslik e call graphsonly in-
cludeprogramsourcecode.Third, theco-changgraphcan
be extractedef ciently andinexpensvely from repositories
of versioncontrolsystemdike CVS In contrasttheextrac-
tion of syntacticrelationshipdike calls requiresadvanced
toolsthatmayproduceconsiderablyaryingresults|53], or
may not be available at all for more exotic programming
languages.



We introducea new clustering methodfor co-change
graphswhichdiffersfrom relatedapproachemainlyin two
respectsFirst, the resultof the clusteringis not a partition
of thegraphverticesinto severalclustersput alayoutof the
graphvertices(i.e., positionsof the graphverticesin two-
or threedimensionalspace).Secondtheselayoutshave a
clearinterpretation.

In our layoutsof the co-changegraph,artifactsthat are
oftenchangedogethemreplacedcloselytogetherwhile ar
tifactsthat participatein few commonchangetransactions
areplacedatlargerdistancesEmpiricalstudieshave shovn
that humanviewersindeedinterpreta closepositioningof
verticesin a graphlayoutasrelatednessf the correspond-
ing artifacts[13,122]. Besidesbeingeasilycomprehensible,
a graphlayouthasthe advantageof containingmoreinfor-
mationthana partition of the setof artifacts.For example,
a graphlayout can shav that an artifact lies at the center
of a cluster at the borderof the entire system,or between
two clusters,while a partitioning speci es only the mem-
bershipof theartifactin a particularcluster

The requirementdor the graphlayouts are systemati-
cally derived from our intuition of co-changeclusters,and
thepositionsof theartifactsin thelayoutshave aclearinter-
pretationin termsof their commonchangesBasically two
groupsof artifactsareplacedcloselyto thedegreethatthey
were changedtogethermore often than random— a no-
tion of clusterssimilar to ratio cut graphpartitioning[64],
whichwasintroducedo softwareclusteringby Mancoridis
etal. [49].

Our model of co-changen software systemsand our
clusteringmethodare detailedin Sectiond2 and[3| Sec-
tion[4 evaluateshe approachby reportingthe resultsof its
applicationto threesoftwaresystemsRelatedvork on min-
ing versionrepositoriesand clusteringis discussedn Sec-
tion/5.

2. The Co-ChangeGraph

This sectionintroducesthe co-changegraph,our model
for commonchange®f softwareartifactsin versionreposi-
tories.Its verticesaresoftwareartifactsandchangeransac-
tions, and its edgesconnectthe changetransactionsvith
their participatingartifacts. The co-changegraph can be
easilyextractedfrom versionrepositorieslts simplicity and
its clear correspondencén the modeledsoftware system
ensurethe interpretability of resultsof its analysis,i.e.,
valid andef cient inferencesof propertiesof the modeled
softwaresystemfrom (probablyautomaticallydetermined)
propertieof themodel.

After the de nition of the co-changegraphin the rst
subsectionthe next two subsectionsliscussiesignconsid-
erationsand extensions.The last subsectiordescribeghe
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Figure 1. Example co-change graph

procesof extractingthe co-changegraphfrom repositories
of theversioncontrolsystemCVS

2.1. De nition

A softwae artifact is an entity that belongsto a soft-
ware system,e.g.,a packagea le, a function, a line of
code,a pieceof documentationpr a testcase.A version
is the stateof a software artifact at a particular point in
time. Version control systemslike CVS (ConcurrentVer
sions System)[17] storeversionsof software artifactsin
a centralrepository The usersof a versioncontrol system
modify local copiesof the software artifacts,and check-in
thesechangedo the centralrepositoryfrom time to time.
A change transactionis a coherentsequencef check-ins
of several softwareartifacts.Softwareartifactsthat partici-
patein the samechangetransactiorare co-changed (com-
monly changed) Someversioncontrol systemsmost no-
tably CVS donotstoretheinformationwhichartifactswere
checled-intogetherIn this case changetransactionhave
to berecoveredusingtimestampsndotherloggeddata.

The co-change graphof a givenversionrepositoryis an
undirectedgraph (V;E). The setof verticesV of the co-
changegraphcontainsall softwareartifactsandall change
transactionf the versionrepository The setof edgesE
containsthe undirectededgef c; ag if andonly if the arti-
facta waschangedy thetransactiorc.

Notethattheco-changgraphis bipartite,i.e.,it contains
no edgeghatconnecttwo changetransaction®r two soft-
wareartifacts.Figure1 shavs anexampleco-changeyraph
with threeartifactsandtwo changetransactionsof which
onechangedhreeartifacts,andthe otherchangedwo arti-
facts.

For a vertex v of a co-changegraph, the number
ffu2 Vv jfu;vg 2 Egj of its adjacentverticesis calledthe
degreeof v anddenotedoy deg(v). For transactiorvertices,
the degreegivesthe numberof artifactsthat participatein
thetransactionandfor artifacts,the degreegivesthe num-
berof theirchanges.



2.2. Variants

In the following we point out andjustify two decisions
we madein our de nition of theco-changegraph.The rst
decisionis to give all edgesthe sameweight,andthe sec-
onddecisionis to includebothartifactsandchangdransac-
tionsinto the setof vertices,insteadof only artifacts.

2.2.1. Weighted Co-Change Graph The weighted co-
change graph (V;E;w) is an extensionof the co-change
graphby aweightfunctionw: E! A (whereA is the set
of realnumbers)Theweightfunctionassigngo eachedge
arealnumbeywhich canbe interpretedasthe relative im-
portanceof the correspondinghange.

The standardco-changegraphde ned in the previous
subsectioncan be consideredas a special weighted co-
changegraphwhereevery edgehasthe weight 1. Because
every edgecorrespondso a changeof an artifact, it mod-
elsthatevery change of an artifact is equallyimportant

An alternatve hypothesisis that every change transac-
tion is equallyimportant This canbe modeledby giving
eachedgeto atransactiorc theweight1=deg(c). Theneach
transactiort contritutesdeg(c) edgesachwith aweightof
1=deg(c), yielding atotal weightof 1 for thetransaction.

According to our experienceand intuition, this model
weightsco-changesn small changetransactiongoo high.
A changdransactiorof n artifactscorrespondo %n(nj 1)
co-change®f pairsof artifacts.If the transactionhasthe
weight 1, then every co-changehas a weight of n(n—fl)
This meansfor example,thata co-changen a transaction
of 5 les is 19timesasimportantasa co-changen atrans-
actionof 20 les.

Compromiseshetweenthe two weighting functions 1
and1=deg(c), for examplel= deg(c), make theinterpre-
tation of the modelmoredif cult becauséoththe impor
tanceof anartifactchangeandthe importanceof a change
transactiordependn the degreeof the changeransaction.
Thuswe preferthe simplestalternatve of giving eachedge
theweight1.

2.2.2. Condensed Co-Change Graph Becausewe are
mainlyinterestedn co-changesf artifacts,anobviousidea
is to remove the transactiorverticesfrom the model, and
retainonly the artifact vertices.The condensedo-change
graph for a given versionrepositoryis a weighted,undi-
rectedgraph(V; E; w), wherethe setof verticesV contains
all software artifactsin the repository the set of edgesk
containsthe edgef a;a%y if andonly if theartifactsa anda®
were commonlychangedy a changetransactionandthe
functionw: E! A assignsaweightto eachedge.

We have choserthe name'condensedto corvey thein-
tuition of eliminating the changetransactionverticesand
the correspondingedges.This loss of information about
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(a) Co-changgraph

(b) Condensedo-changeraph

Figure 2. Example co-change graph and the
corresponding condensed co-chang e graph

changeransactionss the obvious disadwantageof the con-
densedmodel. It promisesto be offset by greatersimplic-
ity, but the following discussiorshows thatthe modeldoes
not live up to this promisebecausét requirescomplicated
edgeweighting.

Giving eachedgetheweight1 doesnotre ect how often
two artifactswerecommonlychangedThe naive improve-
mentis to weight eachedgebetweentwo artifactswith the
numberof timesthatthe artifactswerecommonlychanged,
asdonein [24, 31,/67]. Butthisis alsoproblematichecause
it weightslarge transactionsnud higherthansmalltrans-
actions:Adding achangdransactiorof n artifactsincreases
theweightsof %n(ni 1) edgeshy 1, sotheimportanceof a
changédransactioris proportionato the squareof thenum-
berof its participatingartifacts.In otherwords,thisweight-
ing schemgaswell asits morecomplicatedvariantin [7])
doesnot re ect thata commonchangeof two artifactsin
a smalltransactiomprovidesmoreinformationthana com-
monchangeof two artifactsin alargetransaction.

So we have to include the degree of the changetrans-
actionsinto the weighting function. More precisely the
weightwhich is addedto an edgefor atransactiorc hasto
follow afunctionwhich is monotonicallydecreasingn the
sizedeg(c) of thetransactionThe modelconformsbestto
the standardco-changegraphif thefunctionis W, be-



causeheneachtransactiorc hastheweightdey(c). (It adds
ngl to theweightof 39(AIHAi 1) eqges.)

Figure[2 contrastsa co-changegraph (Fig. [2(a)) with
the correspondingondensedo-changegraph(Fig.[2(b)).
Artifactl andArtifact2 are connectedwvith weight 1, con-
tributedby Co-Change landwith weight2, contritutedby
Co-Change2the overall weight of the edgeis 3. The other
edgesareweightedwith 1, contritutedby Co-ChangelThe
exampleillustratesthat a higheredgeweight betweentwo
artifactscanbe causedy a highernumberor by a smaller
sizeof the commonchangedransactiorof thetwo artifacts.

The clustering of the artifacts for the condensedco-
changegraphwith theseedgeweightsis approximatelythe
sameas for the standardco-changegraph. We preferthe
standarcto-changegraph,becausaét is simpler(dueto the
absencef edgeweights),andthe availability of the trans-
actionverticesimprovesthe traceabilityof analysisresults
to therepository

2.3. PossibleExtensions

2.3.1. Low-Level Artifacts Usually; versioncontrol sys-
temsstoreartifactsof oneparticulardevel of detail(e.g., les

for CVS. Insteadof usingthis default level, one could ex-

tractcommonchangedor artifactson a lower level of ab-
straction suchasclasseandfunctions.This canbeimple-
mentedby analyzingthe deltainformationfrom thereposi-
tory (cf. [68,69] for the mappingof changego functions).
However, this extensiondepend=on the type of the high-
level artifacts(programsourcecode,documentationdata),
andis thereforenot detailednhere.

2.3.2. High-Level Artifacts The interpretationof le-
level analysisresultsis tediousfor large systemswith thou-
sandsof les. A co-changegraphfor high-level artifacts
(e.g.,directories)canbe obtainedfrom a co-changegraph
for lower-level artifacts(e.g., les) with a transformation
calledlifting: A high-level artifacta participatesn achange
transactiorc if andonly if oneof its containedow-level ar
tifactsparticipatesn c.

2.3.3. Importance of Changes Additional information
abouttheimportanceof changesanbeincludedin the co-
changegraphas edgeweights. For example,the intuition
thatthe importanceof a changeto a le is proportionalto
thenumberof changedinescanbeformalizedby weighting
eachedgebetweeranartifactanda changeransactiorwith
the numberof changedines. Suchextensionsare promis-
ing, butthey shouldbeintroducednly afterthebasicmodel
hasbeenevaluated Thatthey aremuchsimplerto integrate
whenthemodelcontaingransactiorverticesis anotherea-
sonfor our decisionto preferthe standarcco-changegraph
overthecondensedo-changeyraph.

cvs2cl

-

cvs log

J
J

postpc. é O

Changelog report Co-change graph

CVS repository CVS log file

Figure 3. Extraction of the co-change graph
from a CVS repositor y

2.4. Extraction from CVS Repositories

The main problemin the extraction of the co-change
graphfrom CVSrepositoriess thatchangeransactionsre
not explicitly stored,becauseCVS breaksdown its com-
mit transactiongnto sequencesf RCSched-in operations.
However, changetransactiongan be inferred from avail-
ablelog datawith reasonableertainty In our experiments,
we considera sequencef change®f les aschangédrans-
actionif thechange$iave thesameuserlogin, thesamedog
messageandtimestampghatdiffer by atmost180s.

Figure3 shavs a completetool chain for the extrac-
tion of co-changagraphsfrom CVSrepositoriesThe com-
mandcvslog extractsuserlogins,log messagesandtimes-
tampsof changesfrom the repository and storesit in a
CVSlog le. Thetool cvs2ct [8, pp- 247] implementsthe
above heuristicto recover changdransactiongrom the log
le, andgenerates le in the GNU ChanglLag format.
Othertransactiorrecovery toolsusesimilar heuristicye.g.,
[33, 68, 69)). Finally, a calculatorfor relationslike Croco-
Pat [11] generateshe co-changegraphfrom therecovered
transactionsandoptionally computesdgeweightsor lifts
thegraphto obtainmoreabstracmodels.

3. Clustering Layout of Co-ChangeGraphs

Our goalin the analysisof co-changegraphsis to iden-
tify clustersof artifactsthatarefrequentlychangedogether
Suchgroupingscanbe naturallyrepresentedby layoutsof
the artifactsin two- or three-dimensionaspace suchthat
heavily co-changedartifacts are placed closely togethey
while artifactsthatparticipatein few commonchangdrans-
actionsareplacedatlargerdistances.

Enegy-basedor force-directed)graphlayout methods
likengraphverticesto physical objectsthatexert forceson
eachother[10, Chapterl10], [15]. Graphverticesthat are
connectedy anedgeattract,to ensurethatthey areplaced
closely All pairsof graphverticesrepulse,to ensurethat
non-relatedverticesare placedat larger distancesThe re-
sultinggraphlayoutis anenegy-minimal stateof theforce
system.

1 Availableathttp://wwwred-bean.com/cvs2cl


http://www.red-bean.com/cvs2cl/

Enegy-basedyraphlayout methodshave two parts:An
enegy modelwhich assignsa real number(interpretedas
enegy) to eachgraphlayout,andanalgorithmthatsearches
a layout with minimal enegy. Thereexist several proven
solutionsfor the secondaspect,of which we usean ef -
cientalgorithmintroducedfor the simulationof astroplys-
ical systemsby Barnesand Hut [9], and rst appliedfor
computinggraphlayoutsby Quigley [58].

The contrikution of this sectionconcernghe rst aspect
of enegy-basedmethods.In the rst subsectionwe sys-
tematicallyderive requirementgor thelayoutof co-change
graphs.In the secondsubsectionwe presentan enegy
modelwhoseminimumenegy layoutsful Il  theserequire-
ments,andthushave a clearinterpretationin termsof the
co-changesf therepresentedrtifacts.

3.1. Requirementsfor Clustering Layouts of Co-
ChangeGraphs

Intuitively, our requirementsfor layouts of co-change
graphsaresmalldistancedetweenrartifactsthat participate
in mary commonchangédransactionsandgreatedistances
betweenartifacts that participatein few commonchange
transactionsThegoal of this subsectioris to formalizethis
intuition.

Considera co-changegraphG = (V;E), anda partition
of its setof verticesV into two disjoint setsV; andV; (i.e.,
Vi[ V2 = V andVi\ V, = 0). We requirethatVy andV;
shouldbe placedclosely in the layout to the degreethat
co-changebetweenv; andV, occurmore oftenthanran-
dom, or equialently, that their distanceis proportionalto
thedegreeto whichthey areco-changedessoftenthanran-
dom.More formally, thedistanceof V; andV, in thelayout
shouldbethe quotientof the expectednumberof edgede-
tweenV; andV; in arandomgraph,andthe actualnumber
of edgedetweerV; andV; in G. (Remembethattheedges
in the co-changeggraphrepresenthangesf artifacts,and
anedgethatconnects vertex in Vq with avertex in V, rep-
resentsa changehatinvolvesbothV; andVs.)

The remainderof this subsectiorderives a formula for
therequireddistancebetween/; andV, from thisstatement.
Thereforejt de nesarandomgraphmodel,andcalculates
theexpectechumberof edgedetweeny/; andV; in thisran-
domgraphmodel.

First we introduce two notations. The total degree
&y degg(v) of all verticesof Vi in G is denotedby
degs (Vi) (i 2 f1;29). Note that degg(Vy) + degg(Va) =
2JEj. Thenumberof edgesff u;vg2 Eju2 Vi;v2 Vg be-
tweenV; andV, in G is calledthecutbetweerV; andV, and
denotedby cutg(Va; Vo).

Considera randomgraph R with the sameset of ver
ticesV andthe samenumberof edgesjEj as G, where
eachof the 2JEj endverticesof the edgess randomlycho-

degs(Va)

senfrom Vi with the probability

2]
the probability%. Theseprobabilitiesarechosersuch

thatthe expectedotal degreesof V1 andV; in R conformto
thetotal degreesin G, namelydeg; (V1) anddegg (V). The

expectedcut betweerl; andVs in Ris %. So
therequireddistanceof V; andV; in thelayoutof G, which

wasde nedto bethequotientof thisexpectedtutin theran-

domgraphandtheactualcu.tin G,is %. _

How are the termsof this formula relatedto our intu-
ition? Clearly, the distancebetweenV; andV, shouldde-
creasewith cutg(Vy1;Vz), the numberof changesnvolving
both V; and V.. However, the samenumberof common
changegsaycuts(V1; V) = 10) meansheary co-changef
Vq andV; areinvolved in few changeg(say degg(Vi) =
degg (Vo) = 20), but almostcompleteindependencé Vi
andV, areinvolvedin avery large numberof changegsay
degg (Vi) = degg(Ve) = 2000. So the distanceshouldin-
deedbemonotonicincreasingvith degg (V1) anddegg (Vo).
The term 2JEj in the denominatoris constantfor a given
graph(while the othertermsdependon the partition of V
into V; andVb), andthus changesonly the scalingof the
layout.

andfrom V, with

3.2. The Edge-RepulsionLinLog Energy Model

An enegy modelspeci eswhatis consideredisa good
graphlayout. It mapsgraphlayoutsto realnumberg(inter
pretedas enegy) suchthat smallernumbersmeanbetter
layouts. For our visualizationswe usethe edge-repulsion
LinLog enegy model

o . .
U(p) A gl Pui PY)
éfu;vgzvm i deg(u)deg(v)Injjpui puii

In this formula, p is a layout (i.e., a mappingof the ver-
ticesto positionsin two- or three-dimensionaspace),py
and p, arethe positionsof the verticesu andyv in the lay-
out p, andjjpui pvij is the Euclideandistanceof u andv
in p. Remembethatdeg(V) is thenumberof edgeof aver-
tex v.

The rst term of the sum can be interpretedas attrac-
tion betweenverticesthat are connectedby an edge,be-
causdts valuedecreasewhenthedistanceof suchvertices
decreasesThe seconderm canbeinterpretedasrepulsion
betweenall pairs of (different) vertices,becausets value
decreasesvhenthe distancebetweenary two verticesin-
creasesThe repulsionof eachvertex v is weightedby its
numberof edgesdey(v). Throughthis weighting,the sec-
ondtermis morenaturallyinterpretedasrepulsionbetween
all pairsof edgeshanbetweerall pairsof vertices.(More
precisely the repulsionactsnot betweenthe entire edges,
but only betweentheir endvertices.)So the basicideabe-
hind the edge-repulsiotinLog modelis thatthe edgeqin



theco-changgraph:.change®f artifacts)causebothattrac-
tion andrepulsion.

For eachvertex, the numberof attractedverticesis its
degree,andits repulsionis weightedwith its degree,too.
Soeachvertex hasconsistently—in termsof attractionand
repulsion—an in uence on the layout proportionalto its
degree.This canbe visualizedby settingthe size of a ver
tex to its degree,asin the gures in Section4, In the co-
changegraph,the degree—andthusthe importancein the
layout— of artifactverticesis the numberof changetrans-
actionsthey participatein, andthe degreeof changetrans-
actionverticesis the numberof artifactsthat participatein
thetransactionHowever, this canbeadaptedisingsuitable
edgeweights,asdiscussedn the Sections2.2and2.3.

Basically layoutswith minimumedge-repulsiohinLog
enegy indeedful Il the requiremenidenti ed in the pre-
vious subsectionthat disjoint setsof verticesV; and V,

ha/eadlstancq_)roportlc?nalto %. (For aproof

andmoretechnicaldetails,we referto our works on graph
layout [55].) However, this holds preciselyonly for one-
dimensionallayouts, and only approximatelyfor higher

dimensionale.g.,two-dimensional)ayouts.Still, the one-
dimensionalcaseis a good approximationwhen the dis-

tanceswithin the setsV; andV, aresmallcomparedo the
distancebetweenthe sets.Although suchan approximate
statemenaboutthe correspondendeetweerthelayoutand
the analysisgoal is not as satishctory as a precisestate-
ment,it is a signi cant advanceover the situationfor other
enegy modelswherethereareno suchstatementatall.

4. Evaluation

We evaluateour clusteringmethodby applyingit to the
CVS repositorief threesoftware systemsandcomparing
the resultsto authoritatve decompositionsThe clustering
resultsarelayouts—not partitions—which have the disad-
vantagethatsimilarity measuresor partitions(asproposed
in [43, 50, 65]) arenotapplicable but theadvantagethatwe
canpresentinddiscusgheresults.

The three software systemshave different sizes,num-
bersof developers,andprojectdurations,andinclude arti-
factsin variousprogramminganguagesBecauséhe eval-
uationrequiresthe knowledgeof gooddecompositionsye
chosesystemsthat we arefamiliar with. Table[1] givesfor
eachsystemthe overall size (in lines of text), the number
of les, the total numberof changesof les, the number
of commits,the numberof userswho committedchanges,
andtheprojects durationasre ectedin therepository (All
numbersvereobtainedwith thetool StatC\@.)

2 Availableathttp://statcvs.sourcefge.net

Table 1. Characterization of the example

projects
Project | CrocoRat2.1 | Rabbit2.1 | Blastl.1
Lines 114000 317000 | 3970000
Files 60 740 3900
Changes 800 6300 6800
Commits 140 1200 900
Users 1 9 8
Months 8 52 40

The co-changegraphswere extractedon le level be-
causeahisenablesheapplicationof thesameprogramming
languagendependentprocessandtool chainfor all reposi-
tories.Thelayoutsof the co-changegraphswerecomputed
automaticallyusingthe Barnes-Hualgorithmandtheedge-
repulsionLinLog enegy model(introducedn Section3.2).
For comparisonwe showv layoutsobtainedwith the com-
monly usedFruchterman-Reingoldnegy model[29] (dis-
cussedn Sectior5.2).

The transactiorverticesandthe edgesare elidedin the
visualizationsandonly the artifactverticesareshavn, be-
causearawing all edgesnakesthevisualizationunreadable.
(In aninteractve tool they canbe shavn selectvely on de-
mand.)The verticesare displayedascircles,with the area
being proportionalto the numberof transactionghe arti-
factwasinvolved in. Differentsizesof correspondinger-
ticesin the Fruchterman-Reingolthyoutsresultfrom dif-
ferent scaling. (Very small circles were always enlaged
to a certainminimum size to ensuretheir visibility.) The
colorof thecirclesre ectsthesubsystenrmembershipf the
correspondingartifact in the authoritatve decomposition.
Groupsof artifactsof the authoritatve compositionwere
also(manually)annotatedvith thenamesf thesubsystems
in boxes (gray), to identify themin thetext (for grayscale
printouts).To avoid overlapping,the namesare annotated
only for someartifacts.We provide VRML les, whichen-
able navigation throughthe layoutsand containthe com-
pletenamef all artifacts,aswell asthe co-changeraphs
usedfor our experimentspn a supplementaryebpage.

The rst three subsectionsof this section evaluate
the edge-repulsionLinLog layouts of the three soft-
ware systems.The fourth subsectiorshortly discusseshe
Fruchterman-Reingolhyouts.

4.1. Crocofat 2.1

CrocoRat2.1is aninterpreteifor thelanguageRML (Re-
IationalManipulationLanguag@. It takesasinputanRML
programandrelations,andoutputsresultingrelations.The

3 Availableathttp://mtc.ep .chf beyer/co-change
4 Availableat http://wwwsoftware-systemtechnik.de/CrocatP
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repository containsC++ programsourcecode, Speci ca-
tions for the lexical and syntacticalanalysisof RML pro-
grams,SQL scripts,shell scripts,exampleRML programs,
andtestrelations.It doesnot includeary third party pack-
age.

The authoritatve decompositionhas four major sub-
systems:program sourcecode, example RML programs
(green),test relations(red), and scriptsfor extracting re-
lations from relationaldatabasegmagenta).The program
sourcecodesubsystenis again divided into threesubsys-
tems:build utilities andmain program(blue), RML syntax
tree(yellow), andBDD packaggcyan).

On a global perspectie, the layout shavs three major
clustersof les: The top right clustercontainsexactly the
testrelations(red), the left clustercontainsmostof the ex-
ampleRML programs(green),and the large centralclus-
ter containsthe remaining les. We discussthe latter two
groupsin turn.

Theleft clusteris dividedinto two subclustersyhichbe-
long to two differentstableversionsof CrocoRat, namely
versionl.3 andversion2.1. A changein the RML syntax

betweerthesewo versiongequiredchangesindrenamings
in theRML les. Thetwo les run-wcre.shandsyntax.txt

are positionedbetweenthe RML programsand program
sourcecodefor the RML syntaxtree.They areindeedre-

latedto both subsystemstun-were.shis a shell script that
runs CrocoRat on someof the old RML programs,and
syntax.txt is a readablerepresentatiomf the RML gram-
marfor thetool distribution.

The large central cluster contains mainly program
sourcecode,but alsosomeother les, which arediscussed
in thefollowing. A subclusteat thetop of the centralclus-
ter shaws scripts for extracting relationsfrom relational
databasefmagenta)which wereco-changedvith the pro-
gramsourcecodeandarethusplacedcloseto it. The lay-
outshaws correctlythatthesescriptsbelongtogetherbut it
doesnotclearlyshav thatthey shouldbeseparatefromthe
programsourcecode,to which they aresemanticallyunre-
lated.The build les (e.g.,dependenciesMake le) arelo-
catedat the bottom of the large centralcluster These les
arecloselyrelatedto the programsourcesandthe author
itative decompositiorassignghemto the samesubsystem



Figure 7. Artifacts in the Rabbit repositor y (Fruc hterman-Reingold,

asthe mainprogramcrocopat.cpp(blue). This is correctly
re ected by the layout. Finally, the large central cluster
containsthreeexampleRML les (test.pat, bool.pat and
int.pat, green).The layout suggestdo assigntheseexam-
ple RML les to the programsourcesubsystemwhich dif-
fersfrom the authoritatve decompositionbut makessense,
becauseachof theseles is atestcasefor closeprogram
sourceles.

The program souice codein the large centralclusteris
notclearlydividedinto subclustershut the placemenfrom
bottomto top re ects CrocoRt's layeredarchitectureThe
main program crocopat.cpp (blue) startsthe RML lexer
relLex.landparserrelYacc.y(yellow), the parseruilds the
RML syntaxtree(alsoyellow), andthe syntaxtreeuseshe
BDD packagécyan)to calculatewith relations.

Besidesthe interpretationof clustersof les in thelay-
outassubsystencandidateghepositionsof les in thelay-
out allow furtherinferencesFor example,the RML parser
speci cationrelYacc.yis placedcloserto theexampleRML
program les in the left than the main program croco-

for comparison)

pat.cpp. They areindeedrelated,becausechangesof the
RML syntaxrequiremodi cationsof both,parseandRML
programsThisdependeng aswell asseveraldependencies
mentioneckarliet relateartifactsin differentlanguagesand
thuscould not be detectedvith syntax-basednalyses.

In conclusiontheclusteringlayoutcorrectlyre ects the
authoritatve decompositionwith two main exceptions Of
thesewo exceptionsthe placementf testcasesn thecen-
tral clusteris semanticallyjusti ed, but theplacemenof the
databasextractorin thecentralclusteris not. This suggests
thathistoricalco-changeshouldnotbeoverinterpretedor
artifactsthat were changedrarely (as shovn by the small
sizeof thecircles).

4.2. Rabbit 2.1

Rabbit2.1is a model checkingtool for modulartimed
automata. It is a commandline programwhich takes a

5 Availableat http://wwwsoftware-systemtechnik.de/Rabbit
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modelandspeci cation le asinput andwrites out veri -
cationresults. TherepositorycontainsC++ code timedau-
tomatamodels,speci cation examples,and processdocu-
mentssuchastodo and donelists. Thereis no third party
codeinvolved.

The authoritatve decompositiorhassix subsystemspf
which the rst four contain C++ sourcecode:the syntax
tree for speci cations(green),the syntaxtree for models
(red), the matrix representatiorof models(magenta)the
BDD representationf models(blue),examplemodels(yel-
low), and miscellaneousrtifactsincluding processdocu-
ments(cyan).

Figure6 shavs only the centralpartof the layout,some
groupsof examplespeci cationsand modelswereleft out
dueto space(cf. the supplementaryeb pagefor the com-
pletevisualizationin VRML). The layoutcorrectlygroups
the four C++ sourcecode subsystemswith someexcep-
tionsdiscussedn thefollowing.

As a rst exception, the les repCong.h and
reprAutomaton.h(bothred, center)areplacedbetweerthe
BDD representatiocluster(blue) andthe matrix represen-
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tationcluster(magenta)althoughthey belongto the syntax
treefor themodelin theauthoritatve decompositionHere,
the placemenis correct,andthe authoritatve decomposi-
tion is problematicThe BDD representatioandthe matrix
representatiorare usedalternatvely via a commoninter-
face,which consistsof thesetwo les. In the authoritatve
decompositionthis commoninterface could be assigned
neitherto the BDD subsystermor to the matrix subsystem,
soit wasassignedo the even lessappropriatesyntaxtree
subsystem.

A secondifferencebetweerthe layoutandthe author
itative decompositiorarebuild les, for example,thethree
dependenc les (cta/dependencies bdd/dependencies
andddm/dependencies On the onehand,they belongto
different source code subsystemsand should be placed
closelyto the respectie clusters.On the otherhand,build
les areusuallychangedogetherthusshouldbe clustered.
The layout re ects thesecon icting forces:it placesthe
build les in the center stretchedout to the sourcecode
clusters.



Figure 9. Artifacts in the Blast repositor y (Fruc hterman-Reingold,

Besidesthe representatiofinterfaceandthe build les,
someother les of the sourcecodesubsystemsre placed
in the wrong cluster(for examplethegreen les in thered
cluster),or outsidethe main clusters(for examplethe les
aroundddmVecPlain.hin theleft). As thesmallsizeof their
representatioshaws, these les werechangedrery rarely
For such les, theavailableco-changénformationis insuf-

cient to reliably assignthemto a subsystem.

Besidegheseparatiorof thefour mainsourcecodesub-
systemsthe layout allows somefurther inferencesabout
thestructureof Rabbit.For example themagentaclusterof
matrix representatiortode containstwo sub-clusterspne
top left, andonebottomright. This complicateddatastruc-
tureis indeeddivided into a high-level part (automataand
con gurations)anda low-level part (transition,state trace,
which constituteanautomatonandregion, polyhedronma-
trix, constraintwhich constitutea con guration).

Theyellow group of examplemodels(top right) is rel-
atively closeto the C++ code.The examplemodelsarein-
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for comparison)

deedrelatedto theprogram les, becausé¢hey aretestcases
whichwerechangedogethemith thetestedcode.As men-
tionedearlier thereareothergroupsof exampleswhichare
not shovn becauseheir distancedrom the centralpart of
thelayoutaremuchgreater

The processdocumentgcyan, bottomright) includethe
projectstodoanddonelist, which aredravn large because
they werechangedrequently They wererarelychangedo-
getherwith the sourcecodebut mostly in separatage ec-
tion phasesasshavn by their large distanceto theremain-
ing les.

In summary the main clustersin the layout roughly
correspondto Rabbit's actual subsystemsSome clusters
arefuzzy andnot clearly separatedbut Rabbit (like most
other real-world software systems)is not composedof
perfectly cohesve, mutually independensubsystemshus
cleanclusterswvould notre ect its actualstructure.



4.3. Blast1.1

Blast is a model checler for C program§. It consists
of a collectionof commandine programsanda graphical
userinterface,andit alsoincludesseveralthird party pack-
ages.The repositorycontainssourcecodein the program-
ming languageOcaml,C, C++ andJava, regressiortests,
exampleC programsandexamplespeci cation les.

We canonly presentan abstractview of the systemin
Figure 8, dueto its considerablesize. The gure shows
more than 3600 artifacts, and some of the densegroups
in the gure consistof several hundredartifacts.A zoom
into the groupsreveals further details within the subsys-
tems(cf. the supplementaryebpagefor a scalablevisu-
alizationin VRML).

The authoritatve decompositiorconsistsof 12 subsys-
tems.Someof the 12 differentcolorsin Figure 8 arevery
similar andthusdif cult to distinguish.

Four of the main clusterscorrespondo the four third
party packageshamely the C parserfront-end Cil with
example les (magentajeft), the integrateddecisionpro-
ceduresolver packagelCS (orange,top), the BDD pack-
age CUDD (purple, top), and the compiler infrastructure
C-Breeze(light blue, top left). Each of thesethird party
packagesvasbasically(exceptsomecon gurationsandex-
tensiondfor integration)insertedinto the repositoryin one
hugetransaction.

Threeotherlargeclusterscorrespondo theactualmodel
checler, split into the current(pscr packagegreen,right)
andanearlierdevelopmentranch(srcpackagegreen bot-
tom right), and the packagefor Blast's speci cation lan-
guage(specpackagered, bottom).

Thecentralpartof thelayoutshavs acloudof les with
some denseraccumulationsThree of the accumulations
correspondo the Craig interpolationpackageFoci (cyan,
top), Blast's GUI package(yellow, top left), andthe proof
generatingheorenprover Vampyre (magentacenter).The
remaining les aredocumentatior{light green,centerleft)
andtestcasegblue, center).The widely spreadpblacement
of the documentatiorandtest les blurs the separatiorof
theclustersin thisareabut is justi ed becausé¢he les are
indeedrelatedto several subsystems.

4.4, Fruchterman-Reingold Layouts

TheFiguresb, 7 and9 shav the sameco-changayraphs
asthe Figures4, 6 and 8, but the layoutswere computed
with the Fruchterman-Reingoldnegy model[29] instead
of the edge-repulsiohinLog enegy model.

For the purposeof identifying subsystemcandidates,
the Fruchterman-Reingoldayouts have two basic disad-

6 Availableat http://www.eecs.beriley.edub blast
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vantageskFirst, they separateclusterslessclearly This is
becauséhe Fruchterman-Reingoldnegy model(asother
popularenegy models[23, 42, 21]) is not primarily de-
signedfor clustering,but for producingreadablelayouts
with uniform edge lengths. Second,the layouts have a
strongbiasto placenodeswith high degree(i.e., artifacts
thatwereinvolvedin mary changdransactionsandarerep-
resentedy large circles)in the centerandnodeswith low
degreeatthebordersThereasoris thatnodeswith highde-
greeattractmorenodeghannodeswith low degree,but the
repulsionof nodesis independentf their degree.Thecon-
ceptof edgerepulsionin theedge-repulsiohinLog enegy
modelavoidsthis bias.

5. RelatedWork
5.1. Mining Version Repositories

During the last years,mining informationfrom version
control repositorieshashecomean increasinglyimportant
researcharea[38]. The aspectof commonchangeof ar
tifactshasattractedparticularattention.The work of Eick
and Wills [24] andBall et al. [7], who visualizeda vari-
ant of what we call condensedco-changegraph, is dis-
cussedin Section2.2 The tool ROSE suggestsand pre-
dicts likely future changeshasedon the analysisof past
co-change$67, 69). It providesfor a given artifact a pri-
oritized list of otherartifactswhich are mostlikely to co-
changewith it. In contrast,our visualizationsare not pri-
marily interpretablewith respecto the co-change®f sin-
gle artifacts,but with respecto moreglobalco-changeat-
ternson thelevel of groupsof artifacts.

Otherresearchersombineco-changeswith relatedin-
formation,suchaschangereportsor problemreports[ 28],
to detectstrongly coupledmodules[30, 31, 40] or to track
featureq 26, 27]. Thelatterapproacthis alsorelatedto our
work in thatit visualizesco-changeénformation,but its vi-
sualizationdack interpretabilityandclarity throughthe use
of a complicatedad hoc weighting schemeand of multi-
dimensionakcalingfor computinglayouts(seethe discus-
sionin Section5.2). In the tool Hipikat [19], co-changes
areonly oneof several heuristicsusedto identify links be-
tweenall kinds of documentgreatedn a softwareproject,
like sourcecodein versioncontrolrepositoriesbug andfea-
turedescriptionsn bugtrackingsystemsiessage mail-
ing lists, anddesigndocument®n web sites.

Hassanand Holt proposedseveral heuristicsto pre-
dict changepropagtion and a framewvork to study their
performance[37]. In their empirical evaluation, the co-
change-basedeuristic outperformedthe code-structure
basedheuristic(Call, Use,De ne). Sayyad-Shirabadt al.
proposedo useclassi cationlearningfor the generatiorof
predictionmodels[60]. The methodclassi espairsof les



asrelevantor not relevant, andthe learningalgorithmuses
syntacticandtext-basedattributesfrom sourceles andas-
sociatedproblemreports.Thetrainingexamplesareclassi-
ed by pastco-changesi.e., a pair of les is relatedif it

wascommonlychangedA relevantpair of thelearnedrela-
tion predictsthata changeof one le of the pair propagtes
achangeof theother le.

Hassanand Holt studiedchangeso derive statements
aboutsoftware compleity [36]. They hypothesizethat "a
software systembecomescomplex to manageand main-
tain when its change history becomestoo comple to
comprehend”An approachor mining ‘frequently applied
changes(FACs)is discussedn [59]. Basedon cvsdiff and
clone detectiontechniquespiecesof code which are of-
tenchecled-inaremined.lt is aguedthatthesecodefrag-
mentscanbegenerakolutionsto frequentlyrecurringprob-
lems, suchas refactoring patterns Biemanet al. consider
frequentchangesof a classas indication of architectural
importance,but also of chronic problemsdue to bad de-
sign[12]. MockusandVottadesigned programwhich au-
tomatically classi es maintenancectiities to understand
reasonsfor changes[51]. The classi cation is basedon
textual descriptionsof changesrom versionrepositories.
GravesandMockususedstatisticadatafrom versionrepos-
itoriesin combinationwith time sheetdatafrom the nan-
cial supportsystemin orderto assesgredictorsfor the ef-
fort of codechange$35).

Looselyrelatedto the mining of versionrepositoriesare
purevisualizationapproachebke[6, 32], whichdonotaim
at detectinghiddenpatternsin the datathemseles, but at
amplifying the humanabilitiesto detectsuchpatterns.

5.2. Clustering Techniques

Clusteringis the classi cation of objectsinto groups
basedon somenotion of similarity or relatednessDiverse
applicationshave inducedthe developmentof mary tech-
niguesfor automaticclustering(see[25, 41] for suneys).
In theunderlyingdatamodelof mary clusteringtechniques,
objectsarerepresente@dsvectors,andtheir pairwisesimi-
larity is speci ed by a similarity function. In contrast,we
model objectsas graphverticesand their relationshipsas
graph edges.thus our clusteringapproachbelongsto the
sub eld of graphclustering

Of the large body of literature on graph clustering
(see[1, 57] for suneys), we focusour discussioron work
thatis relatedto ourswith respecto its threemaincharac-
teristics: We clustersoftware artifacts,our notion of clus-
tersis basedn cuts,andwe computeclusterswith enegy-
basednethods.

5.2.1. Software Clustering Almostall techniquedor the
graph-basedlusteringof software artifactshave beende-
velopedfor graph modelsof the static structureof soft-
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ware systemsThat mostof thesetechniquesare designed
speci cally for directedgraphsis the lesserproblem,be-
causethe edgesof a co-changegraph can easily be de-
ned as directed (e.g., from artifactsto changetransac-
tions). The main problemis the relianceon particularse-
manticsof thegraphverticesandedgesFor example,dom-
inanceanalysisor the computationof strongly connected
componentareusefulfor call graphs[18], but their appli-
cationto (directed)co-changegraphsmakesno sense(All
their stronglyconnecteccomponent$iave exactly onever-
tex.) More generaland potentiallyapplicableto co-change
graphsaresimilarity-basedechniquege.g.,[61]) andcon-
ceptanalysis(discussede.g.,in [3]). The only two soft-
wareclusteringapproachewith asigni cant relationto our
work areBund [49], which belongsto the cut-basedjraph
clusteringtechniquesliscussedn the next paragraphand
thework of Eick andWills [24], who useanadhocenegy
modelfor weightedgraphsto reveal graphclusters.

5.2.2. Normalized Cuts as Graph Clustering Criterion
The cut betweentwo disjoint setsof graphverticesis the
numberof edgegthat connectboth sets(asde ned in Sec-
tion 3.1). Severalresearcherhave proposedhe minimiza-
tion of certain normalizedforms of the cut as clustering
criterion. The normalizationof the cut with the maximum
possiblenumber of edgesbetweenthe two setsof ver
ticesis calledtheratio of the cut [64], andis alsousedin
Bund [49]. However, theratio of thecutis biasedvhenthe
degreeof thegraphverticesareverynonuniform[55]. That
is why we chosein Section3.1to normalizethe cutwith the
expectechumberof edgesn arandomgraphmodel,asdone
earlier(but without a systematialerivation)in [62].

5.2.3. Energy-Based Graph Clustering Many enegy
modelshave appearedn the literatureon automaticgraph
drawing (mostprominently [23, 42, 29, 21]). The goal of
theseenegy modelsare readablelayouts of graphsin a
particular drawing corvention where edgesare dravn as
straightlines. This drawing corventionis not applicableto
typical co-changgraphsdecaus¢hey aresodensgseeTa-
ble 1) thatshawving all edgescreatesheary clutter.

The abore mentionedenegy modelsenforcethat the
edgelengthsare as uniform as possible,but this contra-
dicts our goal of separatinglustersof strongly connected
verticeswhich requiressomelong edgesetweerthe clus-
tersand much shorteredgeswithin the clusters(as shavn
in [54]). All mentionedenegy modelseasilygeneralizeo
graphswith weightededges(in which casethey are sim-
ilar to multidimensionalscaling[44]). Given appropriate
edgeweights, their minimum enegy layoutsreveal clus-
ters,but this meangutting clustersin (in the form of edge
weights)to getclustersout.In contrastthegoalof ouredge-
repulsionLinLog enegy modelis not purely therepresen-



tation of given knowledgein two or threedimensionshut
to somedeggreealsothe discovery of new knowledge.

A distinguishingeatureof enegy-basecalusteringcom-
paredto otherclusteringapproachess thatit doesnot pro-
ducepartitionsor dendrogramshut layouts.Layoutshave
theadwantage®f beingeasilycomprehensiblandcontain-
ing moreinformation,becaus¢hey canalsoshaw, e.g.,that
a vertex is ratherbetweentwo clustersthan belongingto
one of theseclusters,or how clearly two clustersare sep-
arated.Theoreticakconnectiondetweercorventionalclus-
teringandthecreationof layoutsshaw thatbothapproaches
arecloselyrelated[5, 45)].

6. Conclusion

This paperintroduceda nev methodfor clusteringsoft-
ware artifacts, basedon historical co-changesand inter-
pretablegraphlayout.First,wede nedtheco-chang graph
asunderlyingformal model,which has—in comparisorto
syntax-basednodels—the advantagesof beinginexpen-
sively extractableandnotrestrictedto programsourcecode
or certainprogramminglanguagesSecondwe systemat-
ically derived requirementsfor the layout of co-change
graphsandintroducedanenegy modelfor computingsuch
layouts. We evaluatedthe methodon three example soft-
waresystemswith differenttypesof documentsandsource
codein severalprogrammindanguagesThe clustersn the
resulting layouts basically conformedto the authoritatve
decomposition®f the software systemsandrevealedfur-
therinterestingdetailsthat cannotbe representeth a pure
partitioning. However, the methodis not reliable for arti-
factsthatwerechangedvery rarely For suchartifacts,his-
toricalcommonchange$ave to becombinedwith otherin-
formationto improve their assignmento subsystems.
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